Abstract-Demand response and energy storage play a profound role in the smart grid. The focus of this paper is to evaluate benefits of coordinating flexible loads and energy storage to provide power grid and end user services. We present a generalized battery model (GBM) to describe the flexibility of building loads and energy storage. An optimization-based approach is proposed to characterize the parameters (power and energy limits) of the GBM for flexible building loads. We then develop optimal coordination algorithms to provide power grid and end user services such as energy arbitrage, frequency regulation, spinning reserve, as well as energy cost and demand charge reduction. Several case studies have been performed to demonstrate the efficacy of the GBM and coordination algorithms, and evaluate the benefits of using their flexibility for power grid and end user services. We show that optimal coordination yields significant cost savings and revenue. Moreover, the best option for power grid services is to provide energy arbitrage and frequency regulation. Furthermore, when coordinating flexible loads with energy storage to provide end user services, it is recommended to consider demand charge in addition to time-of-use price in order to flatten the aggregate power profile.
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I. INTRODUCTION

R
ENEWABLE energy such as wind or solar has a "free fuel" component, but at a cost of variability. In the power system, power balance between supply and demand must be maintained at a second-to-second basis. However, deep penetration of variable generation into the supply side makes maintaining the power balance very challenging. Currently, the uncertainty of renewables is handled through supply side reserves. This approach has many drawbacks, since it decreases generation efficiency, reduces net-carbon benefit from renewables, and is economically untenable. On the other hand, demand-side control presents a novel way to manage the power balance. Among various demand-side resources, buildings in which we live and work have significant impacts on energy consumption. More specifically, buildings consume about 40% of energy and 75% of electricity in the United States [1] , [2] . Their massive power consumption and enormous thermal capacity present a great potential for providing various power grid and end user services [3] - [9] . Moreover, recent developments and advances in energy storage system (ESS) technology provide another viable solution for providing flexibility to both the power grid and the end users [10] - [13] .
To fully exploit the flexibility of buildings and ESSs, and harvest their benefits to the grid and end users, it is important to study optimal coordination of them for multiple services. There are several exceptional works on this topic. In [10] , a preliminary study was performed to understand the full value of energy storage in commercial buildings, and the benefits for both the buildings and the grid. The focus of [11] was to study the performance analysis of different energy storage devices such as electrical battery, water tank, ice storage unit, etc., by investigating the integrated planning-scheduling problem coordinated with other devices in the building energy system. Wu et al. [12] proposed an optimal control strategy for ESS to capture multiple grid services simultaneously, including energy arbitrage, balancing service, capacity value, distribution system equipment deferral, and outage mitigation. An optimization problem was formulated in [13] to evaluate and compare the benefits of different ESS technologies in a variety of demand response programs, such as regulation services, contingency reserves, and peak shaving. Wang et al. [14] proposed a demand response and battery storage coordination algorithm for providing microgrid tie-line smoothing services in the context of deep renewable integration. A MPC-based co-scheduling algorithm for Heating, Ventilation, and Air Conditioning (HVAC) system, electric vehicle (EV), and battery was presented to minimize the energy cost and demand charge [15] . In [16] , various detailed load and ESS models were presented, and an optimal co-scheduling algorithm was proposed to minimize the energy cost and battery aging cost subject to TOU pricing.
Nevertheless, none of these efforts explicitly characterize the ex-ante flexibility that buildings can offer to the grid, which is necessary in order to participate in the ancillary service market for day-ahead or hour-ahead planning. Additionally, various detailed load models and system constraints are often required to be incorporated into the coordination problem (e.g., [15] and [16] ), which is challenging to solve when the number of loads is large and when the loads have nonlinear dynamics and non-convex constraints. Moreover, a unified model has not appeared in the literature that can describe the flexibility of different types of resources and allow us to coordinate and compare their flexibility, and quantify the potential benefits.
In order to address these issues, we first propose a unified flexibility model that is capable of representing the flexibility of both building loads and energy storage. This will build upon previous work on "virtual battery" based flexibility modeling of building loads [17] - [19] . However, compared to the previous researches on virtual battery modeling, there are several important differences and contributions in this paper. In [17] and [18] , a virtual battery was proposed to aggregate the flexibility of residential HVAC systems. Hughes et al. [19] applied the virtual battery based modeling to extract the flexibility of commercial HVACs. However, the characterization approaches in [17] - [19] are fundamentally different and they cannot be applied to each other. Additionally, the virtual battery proposed in [17] - [19] cannot be used to model the flexibility of a real storage such as a battery. In this paper, we developed a generalized battery model, which can be used to model the flexibility for both HVAC (residential and commercial) and battery, and our flexibility characterization approach is also more general in the sense that it can be used to characterize the flexibility for both residential and commercial HVAC systems.
A key feature of the proposed GBM is that it is able to describe the flexibility of a resource using only a set of standard parameters for a battery including lower and upper power limits, lower and upper energy limits, self-discharge rate, and charging and discharging efficiencies. Such a GBM is amenable to designing coordination algorithms for building loads and ESS, because all different types of resources can be treated as "batteries" (see Fig. 1 ) and there is no need to consider the diversified dynamics, constraints, and characteristics of resources in the high-level coordination. One key challenge in characterizing flexibility is how to extract the GBM parameters while capturing the physical characteristics and ensuring end user's comfort constraints. To this end, we propose an optimization-based characterization approach to quantify the GBM parameters associated with commercial and residential buildings, while respecting all system constraints. The developed GBM allows us to compare and coordinate the virtual storage of building loads with actual dedicated physical storage devices, and study how optimal coordination of building loads and energy storage can improve the benefits to the grid and the end users. The main contributions of this paper are summarized as follows:
• We present a unified flexibility modeling approach for both building loads and ESSs.
• We propose an optimization-based flexibility characterization approach for commercial and residential buildings.
• We develop optimal coordination algorithms for building loads and ESSs to provide services to the power grid and end users.
• We provide quantitative benefit assessment of coordinating building loads and ESSs for grid and end-user services. The rest of the paper is organized as follows. In Section II, we present modeling of commercial and residential HVAC systems as well as ESSs. A generalized-battery-based flexibility modeling and characterization approach is presented in Section III. In Section IV, optimal coordination algorithms for building loads and ESSs are proposed. Section V is devoted to case studies and flexibility assessment. The paper ends with conclusions and future work in Section VI.
II. MODELING OF BUILDING LOADS
AND ENERGY STORAGE In this paper, we focus on commercial and residential HVAC systems which represent about 50% of a building's electricity consumption [1] , [2] . Additionally, we consider energy storage systems, which are becoming more widespread.
A. Commercial Building HVAC Model
We consider a commercial HVAC system with n zones. For each temperature zone i = 1, . . . , n, its thermal dynamics are given by the following first order model [20] , [21] ,
where θ i is the zone temperature, θ o is the outside temperature, θ c is the cooling coil discharge air temperature, C i , R i are respectively its thermal capacitance and thermal resistance, c p is the specific heat of air,ṁ i is the supply airflow, and w i is the external disturbances from solar, occupancy, and etc. The total airflow supplied by the fan is equal to the summation of the supply airflow into each individual zone,ṁ
i (t). The supply fan power can be modeled as a polynomial function of the total supply airflow [22] , [23] ,
where c 1 , c 2 , c 3 and c 4 are constants. Moreover, its chiller power can be described by a simple control-oriented model [20] , [24] ,
where
is the mixed air temperature, δ ∈ [0, 1] is outside air fraction, η is the efficiency factor of the cooling coil, and COP is the coefficient of performance of the chiller. The control input of the commercial building HVAC systems is denoted by u = (ṁ 1 , . . . ,ṁ n , δ, θ c ) ∈ R n+2 , which contains the supply air airflow into each zone as well as the outside air fraction and discharge air temperature. The total power consumption of the commercial building HVAC system is given by
B. Residential Building HVAC Model
We consider a population of n air conditioners (ACs). The temperature dynamics of each AC (indexed by i) can be described by the following hybrid model [17] , [25] , [26] ,
where θ i is the indoor air temperature, θ o is the outside temperature, C i , R i are respectively its thermal capacitance and thermal resistance, and s i is a dimensionless binary variable that indicates the operating state of each AC (1 when it is ON and 0 when it is OFF). In addition, P i is its rated power when it is ON, and COP i is its coefficient of performance. Each AC has a temperature setpoint θ i r with a hysteretic ON/OFF local control within a temperature band [
In the cooling mode, the operating state s i (t) evolves as
where ε 1 is a small time increment. The nonlinearity of the above hybrid model makes it very challenging to analyze. Hence, we consider a continuous approximation. It was shown in [17] that for a large population of ACs, their aggregate behavior with the hybrid model can be approximated by using the continuous model. The continuous model is given by
where each AC has continuous power input u i ∈ [0, P i ] instead of binary power input of {0, P i }. Moreover, maintaining the temperature θ i (t) within the user-specified temperature band
is treated implicitly as a constraint on the power input. For a population of residential ACs, their control input can be written in a vector u = (u 1 , . . . , u n ), and their total power consumption is given by
C. Energy Storage System Model
In this paper, we consider a simplified ESS model [27] - [29] . For each ESS, its energy state is modeled by
where x i (t) denotes the energy stored in the battery, p i (t) is the battery power measured at the grid connection point, and η i + ∈ (0, 1) and η i − ∈ (0, 1) are the charging and discharging efficiencies respectively. Additionally, the charging/discharging power needs to satisfy,
where p i + > 0 and p i − > 0 are its charging and discharging power limits. Moreover, the energy state of the ESS must be within the user-specified limits
where x i + > 0 and x i − ≥ 0 are its upper and lower energy limits.
The above model (6)- (8) is a very simple and intuitive representation of the power flexibility of an ESS, i.e., how much power it can absorb from or discharge to the grid, and how long it can sustain at a certain power output level. This leads to an interesting question: is it possible to represent the power flexibility of commercial and residential HVACs in a similar manner, so that they can be compared and coordinated with the ESSs in a unified way? In the next section, we will present a Generalized Battery Model to describe the flexibility of commercial and residential HVACs as well as ESSs.
III. GENERALIZED FLEXIBILITY MODELING
AND CHARACTERIZATION In this paper, we assume time is discrete, and we use t to denote the discretization step (e.g., t = 10 minutes), and k ∈ K = {0, 1, . . . , K − 1} to index the k th time step.
Definition 1: A Generalized Battery Model B is a set of power profiles in which each profile {P k } k∈K satisfies
It is parameterized by ({P
We can regard P k as the power draw of the battery, X k as its energy state, P k /P k as its lower/upper power limits, X k /X k as its lower/upper energy limits, η + /η − as its charging/discharging efficiency, and α as its self-discharge rate. Note that the absolute power flow is unidirectional for building loads, therefore, unlike the ESS, the charging and discharging efficiency of the GBM associated with building loads are equal to one, i.e., η + = η − = 1. On the other hand, the selfdischarge rate of an ESS is negligible (see (6) ), hence α = 1 for the ESS. It is worth mentioning that these two types of GBMs have very different characteristics, and they are not directly comparable. Studying how they can complement each other is an interesting research, and that is part of the focus of our paper.
One of the biggest advantages of the GBM is that it is able to model the flexibility of different types of loads using a uniform model, which can also be used to describe a real battery. This offers the coordinator great convenience when making system level operation and planning decisions, since he/she only has to deal with a collection of "batteries". Another advantage is that it could represent the flexibility of a load in a very intuitive and simple way, and allows the aggregator to bid the characterized power capacity into the ancillary service market, while most of the customized models [24] , [26] , [30] , [31] do not characterize the flexibility.
While the GBM parameters for ESS are explicitly given, it is not true for building HVAC systems. The goal of the rest of this section is to characterize the lower and upper power limits, lower and upper capacity limits, and self-discharge rate of the GBM for building HVAC systems. Before we proceed, we present some insights on the connections between the GBM and the thermal behavior of commercial and residential buildings. We assume P base k is the baseline power of a commercial HVAC system or a population of residential ACs, i.e., the power consumption to keep all the zone (room) temperatures at their setpoint. From the grid's perspective, if P total k > P base k , it means buildings are "charging" using power from the grid. Similarly, if P total k < P base k , buildings are "discharging" power to the grid. Moreover, when all the zone (room) temperatures are at its upper temperature bounds, it indicates the energy state of GBM is "depleted". Similarly, when all the zone (room) temperatures are at its lower temperature bounds, it indicates the energy state of GBM is "full". Additionally, it can be verified that for a single residential HVAC system with thermal dynamics (5), its baseline power is given by p base,i = [17] . By defining
Its discrete version is given by
Comparing (9) with Definition 1, we can infer that the power draw of the GBM associated with a population of residential ACs or a commercial HVAC system should be the difference between the total power and the baseline power, the energy state X is an aggregate variable representing the temperature differences from their setpoints for all rooms or zones, and the self-discharge rate α is an aggregate variable representing the dissipation parameters of all rooms or zones α i 's. With the above insights in mind, we next characterize the GBM parameters.
The thermal models of the commercial or residential HVAC systems can be written compactly in the following discrete form
is the disturbance vector, and P total k is the total power consumption of a commercial HVAC system or the total power consumption of a population of residential ACs.
We next determine the baseline power of a HVAC system. An accurate estimation of the baseline is very important in demand response. The study of baseline estimation is an active research area, and many different approaches such as the regression models, Fourier series models, exponential smoothing models, and neural network models have been proposed [32] . In this paper, we determine the baseline power by computing the power consumption of the HVAC system when its temperature is maintained at its setpoint assuming the exogenous inputs such as ambient temperature and internal loads are given.
Mathematically, the baseline power profile, {P base k } k∈K , is obtained by solving the following optimization problem
i} is a feasible temperature set specified by the end users, and U is a feasible control input set determined by the operational constraints of the corresponding HVAC system. Specifically, for commercial buildings, we have
We first characterize the lower and upper power limits of the GBM. In order to do so, we need to compute the minimum and maximum power consumption of the corresponding HVAC system in each time step in the considered time horizon. Formally, for each k ∈ K = {0, 1, . . . , K − 1}, we compute the minimum or maximum power at time step k using the following algorithm
The optimal objective values of the above K optimization problems minus the baseline power, {P total k − P base k } k∈K and {P total k − P base k } k∈K represent the lower and upper power limits {P k } k∈K and {P k } k∈K of the GBM.
We next characterize the lower and upper energy limits. To proceed, we need to obtain the power profiles to keep all room or zone temperatures at its upper or lower bounds
We denote the power profiles in the above two optimization problems as {P total,-k } k∈K and {P total,+ k } k∈K respectively. Since the GBM for buildings is given by X k+1 = αX k + P k t. At steady state, we can compute the lower and upper energy limits as
where the average power (
)/K approximates the "constant" power input when the GBM's energy state stays at its lower or upper bound. Additionally, the self-discharge rate is taken as the average of the dissipation parameters of all rooms or zones, i.e., α
IV. OPTIMAL COORDINATION OF BUILDING LOADS AND ENERGY STORAGE
We consider a community consisting of a collection of commercial buildings, residential buildings, and energy storage systems. We investigate coordination strategies to optimally utilize the flexibility of building loads and energy storage to provide power grid and end user services. In this paper, we focus on three types of grid services (energy arbitrage, frequency regulation, and spinning reserve), and two types of end user services (energy and demand charge reduction). We develop optimal coordination algorithms for building loads and energy storage to provide grid and end user services. The optimal coordination problems are formulated based on the ancillary service and energy/demand charge prices, and they are solved by the aggregator, see Fig. 1 . In practice, the ancillary service market clearing prices will be determined after service providers bid their capacities into the markets. Since the objective of this paper is to evaluate the benefits of building loads and energy storage for power grid and end user services instead of developing optimal bidding strategies, we assume the prices are known. In this paper, we refer to building HVAC systems as "virtual storage", and ESSs as "real storage". Additionally, we use notation b ∈ B v to index GBM associated with the virtual storage, and b ∈ B r to index GBM associated with the real storage.
A. Coordination for Power Grid Services
The objective of optimal coordination for providing grid services is to minimize energy cost (energy arbitrage) minus revenue from frequency regulation and spinning reserve. The length of the look-ahead window is 24 hours, which is consistent with the day-ahead market timeline, and we use h ∈ H = {1, . . . , 24} to index the h th hour. The optimization problem is solved to determine the base operating point and/or capacity for each grid service on an hour-by-hour basis. The objective function is given by
where e h is the energy consumption at hour h, r The system constraints are described as follows:
• GBM constraints including the power and energy limits, and battery dynamics. For all k ∈ K and all
(13d)
• Endpoint energy state constraint for real storage. The energy state of ESS at the end point is required to be equal to its initial value,
where K h is the number of time steps in one hour. For example, if t = 1/12 hour, then K h = 12.
• Hourly energy consumption constraint. For all h ∈ H,
where P base,b k is equal to 0 for real storage (b ∈ B r ) and P base,b k is obtained by (10) for virtual storage (b ∈ B v ).
• Power limits for providing frequency regulation and spinning reserve. The GBMs can provide regulation up and spinning reserve services by decreasing its power consumption from the base operating point. Constraint (13g) ensures such a power decrease will not violate the lower power limit. Similarly, the GBMs can provide regulation down service by increasing its power consumption from the base operating point, and constraint (13h) ensures such a power increase will not violate the upper power limit. For all k ∈ K,
• Hourly frequency regulation and spinning reserve capacity constraints. Constraints (13i), (13j), and (13k) ensure the hourly regulation capacity is limited by the minimum capability among all the periods within that hour. For all h ∈ H = {1, . . . , 24},
• Spinning reserve capacity limited by duration. Once a spinning reserve event is called, the service provider must provide the capacity for a certain amount of time. Constraint (13l) shows that the spinning reserve capacity is the minimum power capacity in the duration time. For all k ∈ K,
where K spin is the number of time steps that spinning reserve event will last. Typically, if t = 1/12 hour, then 2 ≤ K spin ≤ 24, i.e., ten minutes to two hours [33] .
• Energy limits for providing frequency regulation. There is additional energy exchange between battery and grid associated with regulation services. Constraints (13m) and (13n) together ensure that regulation associated energy exchanges should not cause any violation in energy limits at any time step. Note that the energy requirement for frequency regulation is very small, therefore we assume there is no inter-temporal correlation. For all k ∈ K,
where + k ≥ 0 and − k ≥ 0 are auxiliary constants estimating the amounts of energy exchange at time step k.
• Hourly spinning reserve capacities limited by energy.
Unlike frequency regulation, spinning reserve has inter-temporal requirement on the energy consumption.
Once an event is called, a resource must be able to provide the claimed power capacity for a certain amount of time, K spin . For all k ∈ K and all s = {1, . . . , K spin }, 
where s is the time step index during a spinning reserve event. Note that the virtual storage (HVACs) and real storage (battery) in the above coordination problem are coupled by constraints (13l)-(13o), which are related to providing frequency regulation and spinning reserve services. When only considering energy arbitrage service, the virtual storage and real storage can solve the problem independently. However, if multiple grid services are considered simultaneously, the coordination problem must be solved as a whole because of the tradeoffs between different services and couplings between different devices.
B. Coordination for End User Services
The objective of optimal coordination for behind-the-meter end user services is to minimize electricity bill, which consists of energy cost and demand charge [29] . The objective function is given by
where α k is the time-of-use (TOU) electricity price at time step k, and λ is the demand charge price. Additionally, the system constraints are given as follows:
• The GBM constraints and endpoint energy state constraint for real storage are the same as before, which are given in (13b)-(13d) and (13e).
• Aggregate power consumption constraint. For all k ∈ K,
C. Convexification of Optimal Coordination Problems
We observe that the optimization problems (13) and (14) are not convex due to GBM constraints (13d). In order to get a global optimal solution, it is essential to convert the optimization problems to their convex equivalent. To this end, we propose a method to convexify the optimal coordination problems (13) and (14) .
We define
. Now the constraints (13b)-(13d) can be replaced by
We next show that the optimization problems (13) and (14) are respectively equivalent to the following convex optimization problems
The key is to show that constraint (15j) 
η − This implies the rate of change of energy in real storage is the same for both solutions (see (15g) and (15i)). However, the power transfer between battery and grid at time step k (see (15f)) for both solutions satisfy
where the last inequality is due to η + η − < 1 for real storage. We observe that the new solution results in smaller objective functions (13a) and (14a). This contradicts the statement that P
are the optimal solution. We observe that another advantage of the proposed GBM is that the optimal coordination problems can be formulated as standard linear programming problems with the proposed GBM. Such type of problems have been well studied and can be solved very efficiently even for large-scale problems. On the other hand, some customized aggregate load models such as the partial differential equation model [34] and the large-scale nonlinear system model [35] do not offer such convenience.
V. CASE STUDIES
In this section, the proposed GBM and optimal coordination algorithms for power grid and end user services are demonstrated using a test system consisting of a 17-zone commercial HVAC system, a population of 20 residential ACs, and a battery storage system. The parameters of the commercial and residential HVAC systems are adopted from [17] , [21] , and their flexibility are characterized using algorithms (10)- (12) formulated in Julia and JuMP [36] . The real storage system is a 50 kW/100 kWh battery, whose charging and discharging efficiencies are 0.85. We select a hot summer day from the Pasco, WA typical meteorological year (TMY3) weather file for our simulation. Additionally, the power grid service prices [37] as well as the TOU electricity price and demand charge [38] are plotted in Fig. 2 .
A. Power Grid Services: Energy Arbitrage, Frequency Regulation, and Spinning Reserve
The real and virtual storages are first coordinated using Algorithm (13) to provide power grid services. First, we consider Energy Arbitrage (EA) service only. The charge/discharge operations and energy state of the real storage and those of the virtual storage representing the commercial HVAC system are plotted in Fig. 3 . The result of the virtual storage associated with residential ACs is similar to that of the commercial HVAC system, and therefore is omitted due to space limitations. We observe from Fig. 3 and Fig. 2 (a) that the real storage is charged when the energy price is low. The stored energy is then discharged to support the load from commercial and residential HVACs when the energy price is high. The real storage remains idle when the energy cost is not high or low enough considering the round-trip efficiency. The charge/discharge operations of the virtual storage depend on the energy price and outdoor temperature. For example, even between hours 16 and 18 when the energy price is relatively high, the commercial building increases its power consumption in order to reduce the power consumption in hour 19 when the energy price is the highest. Moreover, the energy state of the virtual battery stays at the lowest bound (which corresponds to the highest allowable indoor temperature) most of the time in order to reduce the energy cost.
We next consider EA and Spinning Reserve (SR) services combined. The charge/discharge operations and energy state of the virtual storage are shown in Fig. 4 . We see the virtual storage is mainly devoted to providing EA service. Additionally, the real storage does not charge and discharge in large magnitudes in contrast to the case in Fig. 3 (a) . However, it is charged to full capacity before hour 17 in order to provide SR service when the SR price becomes the highest.
At last, we consider providing multiple grid services including EA, SR, and regulation service (Reg Up & Reg Dn). The charge/discharge operations and energy states of the real and virtual storages are depicted in Fig. 5 . It is interesting to see that the real storage maintains its power around zero in order to maximize its capability to provide regulation up and down services. The power consumption of virtual storage is slightly negative, which means the commercial building is constantly consuming less power than baseline in order to reduce energy cost. This results in higher indoor temperatures, and thus lower energy state in the virtual storage. In the meantime, the virtual storage reserves power capacity for regulation services.
The revenues from providing different combinations of grid services are summarized in Table I . We observe that the best option is to provide EA and REG services. Additionally, the last two rows of Table I show the SR service cannot compete with the REG service. This is because the REG service price is generally higher than that of SR, and the per unit SR service requires more energy to be reserved in storage in order to last long enough when called upon. Moreover, comparing EA + REG (or EA+REG+SR) with that of EA, the EA revenue decreases by $6.71, but the revenue from regulation services increases by $73.71. This implies the real and virtual storages sacrifice the savings in energy cost in order to receive revenue from the regulation services.
We also consider the cases of 1) using real storage only, 2) virtual storage only, and 3) real and virtual storages together to provide EA and REG services. The revenues of the three cases are listed in Table II . We notice the real storage does not participate in providing EA services due to its low round-trip efficiency. The virtual storage participates in both services, and its revenue from EA is mainly due to buildings maintaining their indoor temperatures above their setpoints. Additionally, we see that using both real and virtual storages generates more revenue than the sum of the revenues obtained independently. This implies real and virtual storages are not decoupled, and coordination of them yields more benefit. Moreover, it is interesting to see that the revenue from coordinating 20 residential ACs and 1 commercial HVAC with 17 zones is greater than twice the revenue of using a 50 kW/100 kWh battery. A comprehensive cost/benefit comparison between real storage and virtual storage will be an interesting future work.
B. End User Services: Energy and Demand Charge Reduction
We next demonstrate coordination of real and virtual storages to provide behind-the-meter end user services using Algorithm (14) . The goal is to help building owners to save energy cost and demand charge subject to TOU pricing and demand charge. We consider four cases: 1) building baseline, 2) building baseline with real storage, 3) building baseline with virtual storage, 4) building baseline with real and virtual storages. The TOU price and demand charge are plotted in Fig. 2(b) . Additionally, the weather period selected is that which results in the highest peak power during the settling month.
The daily energy cost and daily average demand cost of the four cases are summarized in Table III . The daily average demand cost is calculated by dividing the total demand charge cost over the settling month by 30. We observe that real storage does not contribute significantly to energy cost savings but focuses on reducing demand charge. In contrast, virtual storage helps reduce both the energy cost and demand charge, and the savings from 20 residential ACs and 1 commercial HVAC with 17 zones is more than three times the savings by using a 50 kW/100 kWh battery. By using both the real and virtual storages, the potential savings is further significantly increased due to demand charge reduction. The charge/discharge operations and energy states of the real and virtual storages for the BB + RS + VS case are depicted in Fig. 6 . As we can see, both the real and virtual storages charge to full capacity before the peak hours (13:00 to 19:00) in order to reduce the energy cost and demand charge. Moreover, if real and virtual storages are coordinated to respond to TOU pricing only, two peaks are created at 10:00 and 13:00 when TOU price changes, both higher than the baseline case (see Fig. 7 ). This is because virtual storage has a relatively small energy capacity and non-negligible self-discharge rate, which results in aggressive charging immediately before the TOU price increases in order to reduce energy cost. Therefore, when coordinating virtual storage to provide end user services, it is recommended to consider both the TOU and demand charge to flatten the aggregate power profile. It is worth mentioning that the end users generally don't care about their aggregate power profile, therefore the system operator or utility needs to carefully examine the impact of deploying TOU pricing only in its service area with large amount of price responsive loads.
VI. CONCLUSION
In order to evaluate the benefits of real and virtual storages to provide power grid and end user services, one key challenge is the modeling and characterization of their flexibility. In this paper, we proposed a unified method to describe the power flexibility of building loads and energy storage and developed an optimization-based flexibility characterization method for residential and commercial building HVAC systems. Moreover, coordination algorithms were designed to optimally allocate the flexibility of building loads and ESSs to provide power grid and end user services. We showed that coordination of real storage of battery and virtual storage of building loads could produce substantial revenue and cost savings. Additionally, when providing power grid services, the revenue from spinning reserve cannot compete with that of regulation service. Moreover, when coordinating virtual storage with real storage to provide end user services, we showed that it was better to consider both the TOU price and demand charge than using the TOU price only in order to flatten the aggregate power profile.
There are several interesting directions for future research. One important topic is to estimate the virtual storage potential of buildings loads on a regional and national scale, based on the historic temperature, the number of loads, and the load characteristics, etc. Another interesting research is optimal sizing and siting of real storage to compliment the virtual storage based on the grid requirements for renewable integration, stability, and reliability, etc. We also plan to investigate scalable and distributed coordination strategies for building loads and energy storage systems to provide services to the grid and end-users. Conducting a comprehensive cost/benefit analysis for real and virtual storages is also a research of interest. Additionally, a stochastic optimization framework will be studied in the future to examine the impact of uncertainties (such as weather forecast discrepancy and occupancy prediction error) on the flexibility characterization and the economic benefits to the grid and the end-users.
